
Lecture 15: More diffusion
CS 5788: Introduction to Generative Models

Many figures and most explanation from [Ho et al., “DDPM”, 2020]
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• Probabilistic model for diffusion 
• Where does the denoising loss come from? 
• Speeding up diffusion models

Today



PS3: diffusion models and normalizing flow

• Normalizing flow model (RealNVP)

• Diffusion models



Example source: Aditya Ramesh

Recall: denoising diffusion probabilistic models (DDPMs)

In a previous class, we gave an intuitive description of diffusion models 
as denoisers. Let’s look more carefully into why they work.



Physical motivation for diffusion
Heat Diffusion

Source: Angjoo Kanazawa



Idea in Song et al. Score-Based Generative Modeling through Stochastic Differential Equations  2021

Reversing the process

Source: Angjoo Kanazawa

Physical motivation for diffusion



Random images

Diffusion

Manifold of cat images

Slide source: N. Snavely & S. Seitz



Random images
Manifold of cat images

Noise-to-cat 
direction is hard

Slide source: N. Snavely & S. Seitz



Random images
Manifold of cat images

The opposite (cats 
to noise) is easy

Slide source: N. Snavely & S. Seitz



Random images
Manifold of cat images

Slide source: N. Snavely & S. Seitz



Random images
Manifold of cat images

Slide source: N. Snavely & S. Seitz



Random images
Manifold of cat images

Slide source: N. Snavely & S. Seitz



Random images
Manifold of cat images

Slide source: N. Snavely & S. Seitz



Random images
Manifold of cat images

Slide source: N. Snavely & S. Seitz



Random images
Manifold of cat images

Slide source: N. Snavely & S. Seitz



Random images
Manifold of cat images

Slide source: N. Snavely & S. Seitz



Denoising diffusion neural network

Diffusion 
neural 

network

A basic diffusion approach will run this denoising 
for many timesteps (e.g., T = 1000 steps)

Slide source: N. Snavely & S. Seitz



Recall: training a diffusion model

Figure from [J. Ho et al, “DDPM”, 2020] 
Adapted from Liyue Shen
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Recall: sampling from a diffusion model

Figure from [J. Ho et al, “DDPM”, 2020] 
Adapted from Liyue Shen



Why does this work?



Diffusion model formulation

• Forward process (adding noise and scaling): 
 

• Coefficients  define a schedule (typically these are 
fixed and hand-chosen).

q(xt ∣ xt−1) = 𝒩(xt; αtxt−1, (1 − αt)I)
αt
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• Backwards process (removing noise and scaling): 
     
• Learned and usually parametrized by a neural net. 
• For simplicity, can set 

pθ(xt−1 ∣ xt) = 𝒩(xt−1; μθ(xt, t), Σθ(xt))

Σθ(x) = (1 − αt)I
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Diffusion model formulation



Why does this work?

• How do we train this model? 
• Why does this probabilistic model lead to the denoising 

approach that we motivated at the beginning of class?



Preliminaries: Markov chains

• Both  and  have the Markov property. The current state 
depends only on previous state. 

• In other words, knowing the earlier history doesn’t help! 
•  
•

pθ q

q(xt ∣ xt−1) = q(xt ∣ x1, x2, …, xt−1)
pθ(xt−1 ∣ xt) = pθ(xt−1 ∣ xT, xT−1, …, xt)
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• Consequently, the densities factorize: 

 

and  

• Why doesn’t  depend on ?

pθ(x0:T) = p(x0, x1, …, xT) = p(xT)
T

∏
t=1

pθ(xt−1 ∣ xt)

q(x0:T) = p(x0, x1, …, xT) = q(x0)
T

∏
t=1

q(xt ∣ xt−1)

p(xT) θ
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Preliminaries: Markov chains



The forward process
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• If we want to compute  from , we can do it incrementally 
•  
•  
• … 
•

xt x0
x1 ∼ q(x1 ∣ x0)
x2 ∼ q(x2 ∣ x1)

xt ∼ q(xt ∣ xt−1)



The forward process
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Adapted from V. Kuleshov

  for xt = αtxt−1 + 1 − αtϵt ϵ = 𝒩(0,I)

 = αtαt−1xt−2 + 1 − αtαt−1ϵ

 = ᾱtx0 + 1 − ᾱtϵ
 . . .

Therefore: 
q(xt ∣ x0) = 𝒩(xt; ᾱtx0, (1 − ᾱt)I)

• But since  is Gaussian, we can also jump directly from  in a single step: q x0



How do we train the model?



Analogy to variational autoencoder

z ∼ 𝒩(μ(x), Σ(x))

Encoder
(μ(x), Σ(x))

• Encoder net defines a distribution over :  .z q(z ∣ x) = 𝒩 (μ(x), Σ(x))

Decoder
x̂ = D(z)

• Decoder net defines a distribution over :  .x p(x ∣ z) = 𝒩(X̂, I)
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Figure from [J. Ho et al, “DDPM”, 2020]

• Latents are  
• The “encoder”  is hand-defined and not learned.

z = (x1, x2, …, xT)
q(x1:T ∣ x0)

Analogy to VAEs
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Figure from [J. Ho et al, “DDPM”, 2020]

• Observed data:  
• The decoder is , hierarchically decoding each .

x0
pθ xt

Analogy to VAEs
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log p(x) = log

∫
p(x, z) dz

= log

∫
q(z | x) p(x, z)

q(z | x) dz

→
∫

q(z | x) log p(x, z)

q(z | x) dz

=

∫
q(z | x) log p(x | z) p(z)

q(z | x) dz

=

∫
q(z | x) log p(x | z) dz ↑

∫
q(z | x) log q(z | x)

p(z)
dz

= Eq(z|x)[log p(x | z)] ↑ DKL(q(z | x) ↓ p(z))
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log p(x) = log

∫
p(x, z) dz

= log

∫
q(z | x) p(x, z)

q(z | x) dz

→
∫

q(z | x) log p(x, z)

q(z | x) dz

=

∫
q(z | x) log p(x | z) p(z)

q(z | x) dz

=

∫
q(z | x) log p(x | z) dz ↑

∫
q(z | x) log q(z | x)

p(z)
dz

= Eq(z|x)[log p(x | z)] ↑ DKL(q(z | x) ↓ p(z))

in VAE, the encoder, e.g., noise given image

Recall: evidence lower bound
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log p(x) = log

∫
p(x, z) dz

= log

∫
q(z | x) p(x, z)

q(z | x) dz

→
∫

q(z | x) log p(x, z)

q(z | x) dz

=

∫
q(z | x) log p(x | z) p(z)
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=

∫
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∫
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Evidence lower bound

by Jensen’s inequality
<latexit sha1_base64="t5fPINn1PEkH+oQZf4B1Av3tU04="></latexit>

= Eq

[
log

pω(x, z)

q(z | x)

]
(1)

= Eq

[
log

pω(x0,x1, . . . ,xT )

q(x1, . . . ,xT | x0)

]
(2)

= Eq

[
log

pω(x0:T )

q(x1:T | x0)

]
= Eq



log p(xT ) +
∑

t→1

log
pω(xt↑1 | xt)

q(xt | xt↑1)



 (3)
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probability of true example  
given model’s “best guess” x1

Adapted from V. Kuleshov

L0LT
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• If we knew the clean image and the current noisy image, what’s the 
denoised image? 

• There’s no learning. We can analytically derive this! 
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Let’s look more closely at this term:

Source:  [J. Ho et al, “DDPM”, 2020]
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Efficient training is therefore possible by optimizing random terms of L with stochastic gradient
descent. Further improvements come from variance reduction by rewriting L (3) as:
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(See Appendix A for details. The labels on the terms are used in Section 3.) Equation (5) uses KL
divergence to directly compare p✓(xt�1|xt) against forward process posteriors, which are tractable
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Consequently, all KL divergences in Eq. (5) are comparisons between Gaussians, so they can be
calculated in a Rao-Blackwellized fashion with closed form expressions instead of high variance
Monte Carlo estimates.

3 Diffusion models and denoising autoencoders

Diffusion models might appear to be a restricted class of latent variable models, but they allow a
large number of degrees of freedom in implementation. One must choose the variances �t of the
forward process and the model architecture and Gaussian distribution parameterization of the reverse
process. To guide our choices, we establish a new explicit connection between diffusion models
and denoising score matching (Section 3.2) that leads to a simplified, weighted variational bound
objective for diffusion models (Section 3.4). Ultimately, our model design is justified by simplicity
and empirical results (Section 4). Our discussion is categorized by the terms of Eq. (5).

3.1 Forward process and LT

We ignore the fact that the forward process variances �t are learnable by reparameterization and
instead fix them to constants (see Section 4 for details). Thus, in our implementation, the approximate
posterior q has no learnable parameters, so LT is a constant during training and can be ignored.
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we set ⌃✓(xt, t) = �

2
t I to untrained time dependent constants. Experimentally, both �

2
t = �t and

�
2
t = �̃t = 1�↵̄t�1

1�↵̄t
�t had similar results. The first choice is optimal for x0 ⇠ N (0, I), and the
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We can show:
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recall: weighted sum of  and x0 xt

So, this means that:
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Source:  [J. Ho et al, “DDPM”, 2020]



Recall: in practice, we can predict the noise itself

Diffusion 
neural 

network

-



Simplifying the loss

DKL(q(xt−1 ∣ xt, x0) ∥ pθ(xt−1 ∣ xt)) = 𝔼q [ 1
2σ2

t
∥μ̃t(xt, x0) − μθ(xt, t)∥2] + C

If we parameterize the model as a noise predictor: , then 
through algebraic manipulation, we can show:

ϵθ(xt, t)

= 𝔼x0,ϵ [λt ϵ − ϵθ ( ᾱtx0 + 1 − ᾱtϵ, t)
2

]
xtpure noise

scale determined by t

For image generation, people often set , which empirically 
seems to produce better results. This loss is often called .

λt = 1
Lsimple
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Revisiting assumptions



Does the noise distribution need to be Gaussian?

You can derive models that use other distributions (e.g., blurring).
[Rissanen et al., 2023]



Do you need to predict the noise?

Recent work suggests that predicting the clean example has 
advantages, since the output space lies in a clean image manifold 
(whereas with noise, there is no structure).

Source: [Li & He, Back to Basics: Let Denoising Generative Models Denoise, 2026]



Do we need to condition on ?t

Source: [Sun et al., “Is Noise Conditioning Necessary for Denoising Generative Models?”, 2025]

vs.

You can often do just as well without explicitly conditioning on . This makes 
sense, because you can often denoise images without knowing exactly how 
much noise was added in practice.

t



Do we need to add noise in each reverse step?

non-Markovian noiseMarkovian noise

Use forward process (DDIM) defined as:

q(xt−1 ∣ xt, x0) = 𝒩( ᾱt−1 x0 + 1 − ᾱt−1 − σ̃2
t

xt − ᾱt x0

1 − ᾱt
, σ̃2

t I)
Setting  results in a deterministic reverse process.σ̃t = 0
Can be used out-of-the-box with an existing DDPM model.

[Song et al., “DDIM”, 2022]
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Speeding up diffusion models



Problem: generating a data point requires  steps. 
This is different from GANs and VAEs, which are “single step”.

T



Skipping steps

Slide source: Kreis et al., via Murphy PMLAT book.



Distilling multiple steps into a new model

Figure source: [Salimans and Ho, 2022]



Distilling intermediate steps using a GAN

Figure source: [Sauer et al., “Adversarial Diffusion Distillation“, 2023]



Distilling intermediate steps using a GAN

Figure source: [Sauer et al., “Adversarial Diffusion Distillation“, 2023]
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Dimensionality reduction



Multiscale (cascaded) generation.

Figure source: [Saharia et al., “Imagen”, 2022], via Murphy PMLAT



R. Rombach et al. High-Resolution Image Synthesis with Latent Diffusion Models. CVPR 2022

• Use a separate encoder and decoder to convert images to and from a 
lower-dimensional latent space, run diffusion in latent space.  

• Lowers input dimensionality, so everything runs faster. 

• Another benefit: can design the space to focus on more on 
“perceptually important” details.

Latent diffusion models

Figure source 
Slide source: S. Lazebnik.  

https://arxiv.org/pdf/2112.10752.pdf
https://medium.com/@steinsfu/stable-diffusion-clearly-explained-ed008044e07e


Latent space: Patch VAE + adversarial loss

[Esser et al., “VQ-GAN”, 2021] 

(quantization not typically performed since diffusion is continuous)



Next class: flow matching


